An automated method for counting propagating matrix tunnelling cracks for use in mechanical testing of Glass Fibre Reinforced Plastic (GFRP) laminates under quasi-static and fatigue loading is 
Introduction
For more than four decades, fatigue life prediction for composite laminates subjected to multiaxial loading has been a subject of significant interest due to the increasing use of composite materials in many industrial applications. The nature of fatigue damage in composite laminates is complicated, as many cracks initiate, propagate and coalesce, making mechanistic modelling challenging.
Therefore the vast majority of fatigue life prediction models are phenomenological, e.g. [1] , [2] , [3] , [4] . These models are based on the assumptions adopted in [5] , where failure of laminated composites can only occur in the fibres and matrix. The models attempt to predict when the failure modes occur and how they influence structural behaviour, thereby taking into account the physical damage mechanisms in a simplistic way. A recent extensive review of phenomenological multiaxial Glud, J.A., Overgaard, L.C.T., Dulieu-Barton, J.M., and Thomsen, O.T., "Automated counting of off-axis tunnelling cracks using digital image processing" Composites Science and Technology, 125, 2016, 80-89. http://dx.doi.org/10.1016/j.compscitech.2016.01.019 2 fatigue criteria [6] has shown that for some multiaxial load cases the models gave non-conservative predictions. Due to the phenomenological nature of the models, no apparent reason for the large discrepancies between model predictions and experimental observations can readily be obtained, which further questions their general validity. Therefore, in [6] it is emphasised that there is an urgent need for developing an improved understanding of the underlying damage mechanisms, alongside the inclusion of physical damage mechanisms in predictive multiaxial fatigue models.
Many kinds of micro damage may evolve during the fatigue life of laminated composites. One of the most common damage modes is intralaminar cracks in the laminate layers, which are throughthe-thickness (tunnelling) cracks in the matrix and fibre debonds propagating along the fibres.
These cracks are commonly called transverse and off-axis matrix cracks. Defining the material damage state in terms of off-axis cracks provides an important parameter, which is a true physical internal state variable that can be treated using the well-developed framework of fracture mechanics. Several analytical models for predicting the stiffness degradation as function of the offaxis crack state in each laminate layer have been proposed, see e.g. [7] [8] [9] , but widely accepted models describing the initiation and evolution of off-axis cracks during fatigue loading of multidirectional laminates are yet to be proposed. This may be attributed to the tedious and labour intensive work required to define the damage state, which predominantly up until now has been accomplished by manually counting the propagating cracks. The mainly manual and very labour intensive damage characterisation process has so far limited the scope and size of experimental campaigns, and/or significant data parameterisation, which makes it difficult to draw firm conclusions and to derive statistically representative material parameters. The overarching aim of the present research is therefore the development of a robust and accurate method for automatic quantification of the damage in GFRP laminates in terms of off-axis cracks. The development of such a methodology will enable the efficient and accurate determination of physical damage state parameters, and this is a prerequisite for the development and validation of more reliable off-axis crack evolution models.
Off-axis Crack State Detection
Several experimental measurement methods have been used to successfully detect off-axis cracks in GFRP laminates. The diverse selection of techniques include thermoelastic stress analysis (TSA) [10] , digital image correlation (DIC) [11] , acoustic emission [12] , X-ray [13] , X-ray Computed Tomography (CT) [14] , Ultrasonic C-scan [13] and transilluminated white light imaging (TWLI) Glud, J.A., Overgaard, L.C.T., Dulieu-Barton, J.M., and Thomsen, O.T., "Automated counting of off-axis tunnelling cracks using digital image processing" Composites Science and Technology, 125, 2016, 80-89. http://dx.doi.org/10.1016/j.compscitech.2016.01.019 3 [15] [16] [17] [18] [19] . X-ray, X-ray CT and Ultrasonic C-scan require the fatigue test to be interrupted to conduct measurements and are not relevant in the context of the present research. TSA and DIC can be used to obtain in-situ surface measurements of the sum of maximum principal stresses and the component strain fields respectively. However, depending on the laminate layup the stress/strain redistribution on the surface caused by the presence of a crack may be below the strain resolution of the methods. Furthermore, the number of independent measurement points is very limited compared to TWLI. Acoustic emission is an in-situ and automated measurement method [12] , but the damage mode connected with acoustic events has to be hypothesised or calibrated with other techniques.
TWLI as used in [15] [16] [17] [18] [19] represents a cheap, fast and data-rich in-situ detection method for GFRP laminates because of their transparent nature, which permits transmitted white light to be used as a means of detecting cracks. Based upon the above reasoning TWLI was found to be the most favourable method for crack detection, and accordingly was chosen as the basis for this research.
Off-axis Crack State Quantification
TWLI works by illuminating the material from one side and then acquiring images of the light transmitted through the material from the other side. The transmission of light is disrupted by the presence of off-axis cracks making them visible in the acquired images. A significant limitation of TWLI is that it is restricted to transparent materials (like GFRP). Previous research that has utilised TWLI for counting off-axis cracks includes little or no automation of the procedure. In [19] an automatic acquisition and crack counting system for in-situ transverse crack counting was developed. However, spatial information on the crack pattern perpendicular to the loading direction was neglected, which means that the method is limited to counting the number of transverse cracks, and not the length and location of each individual crack. In [15] the automatic crack counting system was used to count transverse cracks in two different laminates. The same authors [16] studied off-axis cracks, but due to the limitations of their method they had to resort to manual quantification of the damage state in terms of crack initiation and crack saturation from images acquired using a video camera and in-situ microscopic edge examination. Off-axis cracks in multiaxially loaded tubes made from non-crimp GFRP fabrics were studied [17] and the damage state quantified in terms of crack densities at different lifetimes. Crack density measurements were conducted by interrupting the fatigue tests and then acquiring images of the cracks using a light microscope upon several areas of interest and the off-axis cracks were counted by visual inspection of the images. Off-axis cracks in flat coupon test specimens made from GFRP prepreg were studied Glud, J.A., Overgaard, L.C.T., Dulieu-Barton, J.M., and Thomsen, O.T., "Automated counting of off-axis tunnelling cracks using digital image processing" Composites Science 
Automated Crack Counting methodology
An image and a sketch of the experimental setup used for fatigue testing of GFRP laminates and acquiring in-situ images of off-axis cracks using TWLI are shown in Figure 1a . A digital camera is placed on one side of the specimen and the backlight illumination on the other side. The specimen is also illuminated on the front side for the purposes of image compensation. Figure 1b illustrates the specimen geometry along with important features on the specimen and Table 1 The RMS noise used for computing the signal-to-noise ratio (SNR) was determined by subtracting two reference images and then calculating the root mean square value for the entire pixel set. 
Image Compensation
For the image compensation procedure it is necessary to identify a feature in each corner of the image that is within the camera's Field of View (FoV) throughout the test. Figure 2a shows the measuring volume with the features, i.e. the four crosses (+), positioned at each corner. The crosses were applied by painting the areas with white spray paint and then scratching crosses in the paint.
Tape was applied to the backside of the specimens at the location of the crosses to avoid penetrating back light illumination from being transmitted through the features. Front light illumination was used so that the camera could observe the four features in each corner of the FoV.
The first part of the image compensation is to determine the displacement of the four features from the reference image to the in-situ image. The procedure is sketched in Figure 3 and it utilises normalised cross-correlation c [20] as follows:
where refers to the intensity in the reference image, the subscript s denotes a subset of the image (sub-image of each cross), is the intensity of the in-situ image, the overbar represents the mean intensity in the image, and u and v are displacements in the x and y directions, respectively. c is a matrix containing normalised cross-correlation values for different displacements of the subset of image . Therefore the row and column position of the maximum entry in c corresponds to the most likely displacements u and v, respectively. To save computational effort, the cross correlation is only calculated on sub regions of the in-situ image, which are marked by blue dashed squares in 
where represents the in-situ image after the inverse linear transformation has been applied.
The last step in the image compensation is to normalise the compensated in-situ image with the reference image following
where is the normalised image. Figure 4a shows an example of and it is seen that the normalisation removes the texture from the stitching thread, so that the off-axis cracks appear much clearer than in the raw image shown in Figure 2b .
Image Filtering
The next step is to filter the images such that cracks in different layers (orientations) can be studied independently of cracks in adjacent layers. Gabor-filtering [21] was found to give consistent and reproducible results for this type of problem. The Gabor-filtering mask is generally built from five user inputs (λ, , , , ). For the problem at hand only four parameters were used and this was λ, , and . The parameters λ, and are related to the spatial size of the lines searched for and must be manually adjusted according to one image, see Figure 4a , so that cracks are the only features identified in the image. The manual adjustment process is only carried out once, and the chosen parameters can then be used for all layers and other test specimens. The parameter represents the orientation perpendicular to these lines and is hence defined by the stacking sequence. The parameter mentioned above is not used/specified here, since the detection of cracks was insensitive to this parameter. The results of filtering the image for each of the two crack orientations are shown in Figure 4b . The Gabor filtering produces a clean image of the cracks in the defined orientation and captures nearly all cracks over their full length in the filtered image.
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Crack Counting
It is difficult to create a heuristic procedure for the crack counting from the images produced by the Gabor filter for several reasons. The intensity values are floating point numbers, so a threshold must be chosen to distinguish between crack, background and (ambient) image noise. Furthermore, it is seen that the cracks have different apparent widths meaning that one single heuristic criterion is insufficient to count all cracks. Therefore thresholding, based on the Otsu's Method [22] , was used to compute binary images from the filtered images. Hereafter a thinning of the cracks is carried out using the thinning algorithm presented in [23] such that one pixel thick lines are obtained.
The result of the thresholding along with thinning is shown in Figure 5 . The crack counting is further facilitated by rotating the images obtained from the thinning such that cracks are oriented vertically as seen in Figure 6 . Now the counting is simply carried out by searching each row of the image (from row one to the final row) for a pixel indicating a crack start (black pixel). The column belonging to the crack start pixel is then searched row wise from the entry of the crack start pixel to the final row of the column (last row of the image) for more black pixels. A crack end is found, when a white pixel is met. Cracks may not be perfectly aligned with columns due to fibre misalignment, so the heuristic procedure can shift to a neighbouring column by searching the two neighbouring columns for a black pixel. The heuristic procedure then proceeds along the column with the found black pixel until only white pixels are found. The robustness of the developed ACC procedure with respect to fibre misalignment will be discussed further in section 4. The location of the start and end point of the crack are saved, the crack deleted (changing the colour of the found black pixels into white) and the image scanned for the next crack. This procedure continues until there are no further cracks in the image. The saved start and endpoints are then transformed into their reference coordinate system.
To validate the methodology the counted cracks were plotted on the image given in Figure 4a and are shown in Figure 7 . It can be seen that virtually all the cracks are counted to their full length and have the proper orientation and location, hence it is concluded that the ACC procedure works as intended. A few short cracks that are not captured by the algorithm are highlighted with dashed circles in Figure 7 . These cracks are captured by the ACC when the cracks have grown further; for this particular test this occurred in the next processed image. It should be noted that delaminations between layers/plies may hide cracks, since delaminations will appear as dark regions in the filtered image. Consequently, as delaminations evolve ACC may count a reducing number of cracks. In Glud, J.A., Overgaard, L.C.T., Dulieu-Barton, J.M., and Thomsen, O.T., "Automated counting of off-axis tunnelling cracks using digital image processing" Composites Science and Technology, 125, 2016, 80-89. http://dx.doi.org/10.1016/j.compscitech.2016.01.019 9 order to avoid this problem ACC saves already counted cracks from previously analysed images, add these cracks to subsequent images and then search for new cracks. However, new cracks forming in areas of delamination cannot be seen and this is a limitation of the proposed ACC methodology.
Definition of crack density
The most common way to quantify the damage state in terms of transverse and off-axis cracks is through the crack density parameter. The crack density is defined as the number of cracks divided by the length of the observation zone, measured perpendicular to the propagation direction [24] .
This definition only takes into account the number of cracks and not the length of the cracks. As highlighted in [8, 18, 25] , it is preferable to include the crack length in the definition so the crack density is directly proportional to the crack surface area within the material, as this will provide a better description of the damage state. The crack density definition used throughout this paper is defined as ∑
where AREA refers to the area of the rectangular measuring volume and is the length of the ith crack. It should be noted that Equation (4) is consistent with the crack density definition found in [18] .
Numerical Validation
A series of benchmarks have been carried out to test the reproducibility and accuracy of the filtering and counting part of the proposed ACC procedure, and to provide guidelines on the choice of measuring volume. Artificial images of specimens with perfectly aligned off-axis cracks were generated, so that the midpoints of the simulated cracks follow a uniform distribution in the field of view and the length of each crack follows a normal distribution (μ n , σ n ). An image of computer generated transverse and off-axis cracks for a layup of [-45/45/90] is shown in Figure 8 . The distance between the crack centers (W s ) was chosen to 20 pixels as this was less than the minimum observed distance between cracks in the experiments. The width of each crack (W c ) was chosen to be five pixels, which was found to be the minimum apparent width of cracks observed in the experiments. In Figure 9 the counted cracks are overlaid with semi-transparent lines in the same base colour. It is observed that all cracks are captured, however for some cracks a small mismatch Glud, J.A., Overgaard, L.C.T., Dulieu-Barton, J.M., and Thomsen, O.T., "Automated counting of off-axis tunnelling cracks using digital image processing" Composites Science Figure 10 the relative error for each layup is plotted as function of the crack density. For layups with more than one layer, the relative error plotted is the sum of the relative error of each layer. As can be seen the ACC algorithm counts cracks for a wide range of patterns within -3 to 1.5% accuracy. Hence accuracy is not decreased when more layers are added. In general the ACC algorithm calculates a crack density that is slightly lower than the actual crack density. This phenomenon is caused by the Gabor filtering where the filtered crack front is behind the actual crack front. The error is decreased as the crack density is increased due to the fact that the average length of the cracks increases. This means that if the (small) mismatch between the counted and actual crack fronts is small compared to the length of the Glud, J.A., Overgaard, L.C.T., Dulieu-Barton, J.M., and Thomsen, O.T., "Automated counting of off-axis tunnelling cracks using digital image processing" Composites Science and Technology, 125, 2016, 80-89. http://dx.doi.org/10.1016/j.compscitech.2016.01.019 11 crack, then the relative error is very small as well, so the relative error will reduce with increasing crack length.
The choice of composite laminate production method and fibre mat architecture has a significant influence on the degree of fibre misalignment. Off-axis cracks follow the direction of the fibres and the result of fibre misalignment is that cracks are oriented differently than expected from the nominal fibre orientations specified for the laminate. The motivation for the second benchmark is therefore to demonstrate that the ACC method is capable of handling mismatch between user specified (or nominal) and actual layup angles. As seen from Figure 11a the ACC algorithm is capable of counting cracks that are orientated at 6° different from the nominal angle without increasing the relative error. A tolerance of 6° is well within the achievable tolerances of the most common composite production methods (hand-layup, VARTM, prepreg, filament winding, pultrusion etc.). Accordingly, it is concluded that the ACC method can be considered sufficiently robust for practical purposes.
The Gabor filtering may filter out cracks if the minimum crack spacing (W s in Figure 8 ) becomes too small, as the Gabor filter is bandwidth limited. The bandwidth is determined by the choice of Gabor parameters (λ, , ). When the minimum crack spacing gets smaller, the localised spatial frequency of cracks increases and the result of the bandwidth limitation is that cracks may be filtered out. The purpose of the third benchmark is therefore to study the relative error of the crack counting when the minimum allowed crack spacing is reduced. The relative error versus the spacing ratio is plotted in Figure 11b . Referring to Figure 11b , the spacing ratio, r cs , is defined as / . It is observed that the ACC algorithm misses the majority of cracks at a spacing ratio of less than 2. At a ratio of 2.2 the ACC algorithm finds all cracks, and the error in terms of crack density is less than 1%. Changing the FoV of the camera does not influence the spacing ratio. Accordingly, as a practical consequence of the chosen Gabor parameters the ACC algorithm has only been shown to work for materials/laminates where the spacing ratio is 2.2 or more. Adjusting the Gabor parameters or enhancing the image filtering may improve the ACC algorithms ability to measure cracks with a lower spacing ratio. For a known camera resolution, a rule of thumb for choosing an appropriate size of the measuring volume (w,h) to achieve a robust counting is proposed as
Glud, J.A., Overgaard, L.C.T., Dulieu-Barton, J.M., and Thomsen, O.T., "Automated counting of off-axis tunnelling cracks using digital image processing" Composites Science and Technology, 125, 2016, 80-89. http://dx.doi.org/10.1016/j.compscitech.2016.01.019 12 where P x , P y are the horizontal and vertical number of CCD pixels, respectively, is the number of pixels required to identify a crack and separate it from other cracks, is the physical distance between cracks, and is the inverse of the crack density.
is the expected maximum crack density and according to [26] it is reasonable to assume for internal layers, and for external layers, where is the thickness of the cracked layer. represents the apparent crack width aimed for measured in pixels (See Figure 8) . It can be expected that more pixels per crack width will give a more robust counting, but the downside is a reduction in the measuring volume. In this research it was found that 5 pixels per crack width gave a robust counting of cracks.
It is also important to note that Equation (5) does not account for specimen geometry and orientation of the measuring volume with respect to the crack propagation direction.
Experimental Validation & Results
Two GFRP laminates were fabricated for the experimental validation of the proposed ACC methodology. The laminates were made from stitched unidirectional glass fibre mats using hand- Figure 1b . All laminates were cut using water jet cutting. Tensile specimens were cut from the manufactured laminates plates and the tests were conducted in an Instron 8820 load frame with a 100 kN servo-hydraulic actuator operated in load control. One specimen from each laminate was tested, and the geometry of the specimens, mechanical properties, the applied loading (tensile) amplitude and mean value, stress ratio, loading frequency and cycles at the end of the testing are given in Table 3 . The fibre volume fractions were determined by means of burn-off tests.
[ The off-axis cracks in the [0/-60/0/60] s laminate were examined using a microscope to determine if the FoV of the camera was chosen appropriately and if the ACC algorithm captured the cracks properly. A comparison between the compensated in-situ image, the compensated image overlaid with counted cracks and the image obtained using a microscope at 4x zoom is shown in Figure 12 .
All cracks in the area of interest are captured by the ACC algorithm even though the local crack density is high in the -60 degree layer ( 2 / ). From the microscopic examination, Figure 12b , it is further observed that crack splitting is evident. Crack splitting is not captured by the ACC algorithm and is not a failure mode of interest for the present work. In Figure 13 the Figure 14 . Manual counting and ACC agree very well, and the evolution of crack density as measured by the ACC procedure is similar to evolution curves found in literature, e.g. [16] [17] [18] . It is observed that the crack density increases rapidly in the first part of the cyclic loading. The steep gradient observed in the curves of the crack density vs. number of cycles reduces significantly with increasing number of cycles, and it is hypothesised that a crack density saturation limit will be reached even though the current tests were stopped before this occurred.
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